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Abstract—One of the impediments to large-scale use of wind 
generation within power system is its variable and uncertain 
real-time availability. Due to the low marginal cost of wind power, 
its output will change the merit order of power markets and 
influence the Locational Marginal Price (LMP). For the large 
scale of wind power, LMP calculation can’t ignore the essential 
variable and uncertain nature of wind power. This paper 
proposes an algorithm to estimate LMP. The estimation result of 
conventional Monte Carlo simulation is taken as benchmark to 
examine the accuracy. Case study is conducted on a simplified SE 
Australian power system, and the simulation results show the 
feasibility of proposed method. 
 
Index Terms—Locational Marginal Price, Uncertainty, Wind 
Power, Probabilistic Optimal Power Flow. 
I. INTRODUCTION 
ocational Marginal Price (LMP), also referred to as Nodal 
Price, a pricing concept used in some deregulated 
electricity markets, can be used to manage the efficient use of 
the transmission system when congestion occurs on the bulk 
power grid[1]. The Federal Energy Regulatory Commission 
(FERC) has proposed Locational Marginal Price as a way to 
achieve short- and long-term efficiency in wholesale electricity 
markets [2].  
Marginal pricing is the idea that the market price of any 
commodity should be the cost of bringing the last unit of that 
commodity the one that balances supply and demand to market. 
In electricity, LMP recognizes that this marginal price may 
vary at different times and locations based on transmission 
congestion [3].  
LMP provides market participants a clear and accurate 
signal of the price of electricity at every location on the grid [4]. 
These prices, in turn, reveal the value of locating new 
generation, upgrading transmission, or reducing electricity 
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consumption—elements needed in a well-functioning market to 
alleviate constraints, increase competition and improve the 
systems’ ability to meet power demand. 
Recently, large scale renewable energy are promoted and 
interconnected to the power system. Wind is undoubtedly the 
most popular renewable energy around the world. At the end of 
2007, the worldwide capacity of wind-powered generators was 
about 94 GW. The Global Wind Energy Council predicts the 
global wind market to grow by over 155% from its current size 
to reach 240 GW of total installed capacity by the year 2012[5]. 
Wind power normally has a low marginal cost (zero fuel 
costs) and therefore enters near the bottom of the supply curve, 
resulting in a lower power price, depending on the price 
elasticity of the power demand. The price will reduce when 
wind power decreases during peak demand. In general, the 
price of power is expected to be lower during periods with high 
wind than in periods with low wind. This is called the ‘merit 
order effect’[6]. 
The impact of wind power depends on the time of the day. If 
there is plenty of wind power at mid-day, during the peak 
power demand, most of the available generation will be used. 
This implies that wind power will have a strong impact, 
reducing the LMP significantly. But if there is plenty of 
wind-produced electricity during the night, when power 
demand is low and most power is produced on base load plants, 
the impact of wind power on LMP is low. 
Before the introduction of wind power, the uncertainties of 
load and market participants’ trading strategy are taken into 
account as the stochastic variable in the LMP calculation [7]. 
Since wind power are promoted and interconnected to the 
power system, one of the difficulties presented by the use of 
wind is the fact that their actual available real-time generation 
can be variable and uncertain. Section II gives the details. 
LMP calculation [8] can be formulated with Optimal Power 
Flow(OPF). Since OPF is a deterministic computation method, 
the term of “P-OPF” is proposed to deal with the uncertainties 
[9-14].  
As mentioned in [10-11], the computational burden of 
Monte Carlo simulation (MC) restricts its practical 
engineering. To speed up the LMP estimation while controlling 
estimation accuracy of both mean and standard deviation, an 
Importance Sampling (IS) method is adopted in this paper. By 
adjusting the importance of variables adaptively, this method 
encourages choosing those value which are important for 
estimation accuracy, in order to improve computation 
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efficiency.  
In the remaining parts of this paper, section II briefly 
introduces the intermittence and stochastic nature of wind 
power, section III proposes estimation algorithm for LMP, 
section IV conducts a case study on a simplified SE Australian 
power system, and finally, section V concludes the whole 
paper. 
II. THE INTERMITTENCE AND STOCHASTIC NATURE OF WIND 
POWER 
There is a consensus across world-wide that the greenhouse 
gases impose great impacts on the global warming. Many 
countries are placing enormous pressure on the entire energy 
industry to deploy renewables, because the electricity sector is 
one of the key parts that can reduce carbon emissions. The main 
cutting edge technology built to meet renewable targets is wind 
power, primarily due to its lower cost and higher efficiency 
compared to other renewables. In the recent years, along with 
the introduction of various emission reduction schemes, 
increasing number of wind farms have been planned or 
installed around the world [15]. Wind power has become a 
mainstream in power industry, and is no longer considered an 
alternative energy source. 
However, due to the intermittent and stochastic nature of 
wind resource, wind energy brings great challenges to power 
system operations and planning [16]. The output of wind 
generation is intermittent, conventional generation has to be 
available and scheduled at times when there is little wind power, 
and dispatched off when there is a lot of wind, which then 
causes difficulties in estimating a suitable system reserve 
margin to ensure secure and reliable system operation. As a 
sequence, high penetration of wind power also cause high 
potential risks and difficulties in both short-term operation and 
long-term planning. Therefore, moving the system to a low 
carbon base means renewables are changing the shape of the 
electricity market. Increased penetration of wind is likely to 
make prices become much peakier, which means the price will 
show more periods with very high or very low values. This is 
because the system will change between having too much wind 
power in periods with high wind speeds, and much tighter wind 
generation when there are low wind speeds. 
Estimating the distribution of wind speed is a very important 
procedure in the assessment of wind power, which can also help 
to evaluate the wind power generation capacity. As we all know, 
the Weibull and Rayleigh probability density functions [17] are 
commonly used and widely adopted in wind power studies. The 
distribution of wind speed can be analyzed with the shape ( kw ) 
and the scale ( aw ). The following figures provide the example 
of Weibull statistical analysis of wind speed. 
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Fig. 1. Wind Speed Distribution 
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Fig. 2. Weibull Cumulative Probability Density Fitting 
III. ESTIMATION ALGORITHM 
A. Monte Carlo Simulation (MC) result as benchmark 
Monte Carlo is the art of approximating an expectation by 
the sample mean of a function of simulated random variables. 
Consider a (possibly multidimensional) random variable 
X having probability mass function or probability density 
function )(XP  which is greater than zero on a set of values χ . 
If X  is discrete, then the expected value for target function 
)(XF  of X  is  
∑
∈
=
χx
xPxFFE )()()(                          (2) 
Now, if we were to take an n-sample of X 's, ( nxxx ",, 21 ), 
and we computed the mean of )(XF  over the sample, then we 
would have the Monte Carlo estimate of  )(FE : 
∑
=
=
N
i
ixFN
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1
)(1)(                           (3) 
Also we would have the estimate of variance of )(XF : 
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Except for computational burden, MC simulation is a 
reliable method. Result of MC simulation will be chosen as the 
benchmark. 
 
B. Proposed Estimation method 
The electricity market price is volatile because of the 
particularity of electricity as a commodity. The statistical 
results of price usually have big variance. 
The uncertainty under consideration: load, wind power 
output, and the reported price of units. 
Stochastic variables like load and wind power output are 
sampled using the conventional Monte Carlo methods. Due to 
the merit order effect mentioned before, wind power will act as 
the base load unit for its low marginal cost. The actual load that 
conventional units need to meet is the difference between load 
and wind power output. Thus, the conception of net load is 
defined as windnet pll −= . 
The net load netl  (indicated by “state”) and bidding behavior 
(indicated by “action”) are discretized before computation. 
Each unit manages a NM ×  state-action matrix ),( ASI . The 
value of jiI ,  reflects the importance of action j  at state i  to the 
estimation result. Here M  indicates the number of discretized 
load interval },,,{ 321 mssssS "= , and N  indicates the 
number of discretized units’ action },,,{ 321 naaaaA "= .  
The estimation algorithm is as follows: 
1) For each unit, matrix ),( ASI  is set to default value (Here, 
the default value is 1). A LMP is calculated when all variables 
are set to their mean value, which is taken as the price 
benchmark p .  
2) Generate load and wind power output samples, and 
calculate the value of net load netl . Identify the corresponding 
state index of  netl  sample,  for example is . 
3) For state is , each unit choose action based on a biased 
PDF that is generated by Boltzmann distribution, rather than its 
previous PDF,. Each action’s probability is calculated as 
follows: 
∑
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                      (5) 
τ is a constant parameter, which is called the Boltzmann 
temperature. 
4) After all stochastic variables have deterministic values, 
use MATPOWER Toolbox in MATLAB to run DC-OPF. The 
LMP at the bus that is under study will be saved. For the thi   
computation, the price is ip .  
5) For each unit, the result of action j  under state i  is 
calculated as the absolute value of difference between the 
computed LMP with the benchmark: 
|| ppr ii −=                                     (6) 
Besides, as all actions were chosen according to biased PDF, 
the weight of the simulation result ip  should be adjusted. 
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uN is the number of units.   
The value of ),( ASI  will be updated adaptively based on 
the reward returned.  
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Learning rate λ  reflects the extent to which the present 
reward being exploited.  
6) If the termination criterion is met (Here, a specific 
simulation time is set), then the simulation stopped. Else repeat 
steps 2-5. 
After the simulation end, mean and standard deviation value 
of LMP at specific bus can be calculated by:  
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IV. CASE STUDY OF SE AUSTRLIAN POWER SYSTEM 
A. Introduction of simplified SE Australian power system  
In order to study the feasibility and efficiency of proposed 
Estimation method, a simplified model of SE Australian power 
system is used for a case study. This model represents the 
simplified power system of southern and eastern Australian 
networks. It comprises 59 buses, 14 generating units, 29 load 
bus, 22 transformers, and 92 transmission lines. The diagram of 
the system is shown in Fig.3. 
The distribution of the overall system load: 
)1115,22300(~ NPd , and the distribution of units’ reported 
price can be found in  
. 
TABLE I 
CONVENTIONAL UNITS PARAMETERS AND DISTRIBUTION 
Bus s
P  
(MW) 
)( iaμ  
($/MWh) 
)( iaσ  
($/MWh) 
ib  
($) 
101 3600 0.008 0.0008 7 
201 3600 0.008 0.0008 8 
202 2500 0.006 0.0006 10 
204 3600 0.008 0.0008 8 
203 2000 0.010 0.0010 10 
301 4800 0.005 0.0005 5 
302 1600 0.010 0.0010 8 
402 900 0.012 0.0012 20 
404 1800 0.010 0.0010 9 
403 1600 0.010 0.0010 9 
401 1600 0.000 0.0000 0.1 
501 600 0.015 0.0015 20 
502 900 0.012 0.0012 15 
503 900 0.012 0.0012 18 
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Fig. 3.  Simplified 14-generator model of the SE Australian power system 
 
The reported price of units i: iiir bqap +=, . For each units, 
ib  is a fixed value, they will alter the value of ia as their bidding 
strategies.  
The wind power is located at bus 401, with installed capacity 
of 1600 MW. The marginal cost of which is set very low, so it 
can always supply power to the system. As the stochastic nature 
of wind power output, the output rate is a Weibull distribution:  
)2,3.0|(uWBL . 
The LMP at bus 102 is chosen as the estimation target.  
 
B. Result of Monte Carlo Simulation  
After the computation of 5000 samples, the value of mean 
and standard deviation tend to converge. The result of 
5000-sample Monte Carlo simulation will be taken as the 
benchmark, which is 84.2,97.41 == σμ . 
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Fig. 1.  Monte Carlo simulation sample analysis 
 
C. Result of Proposed Estimation Method 
First, the system state (i.e. the net load level) and unit action 
should be discretized. For ),( ASI  of each unit, the system state 
is divided into 8 intervals, and 5 alternative actions are set. So 
each unit manages a 58×  matrix. 
 
TABLE II  
LOAD INTERVALS FOR EACH UNIT 
Index Net Load Interval 
1 l< 19000 
2 19000< l < 20000 
3 20000< l < 21000 
4 21000 < l < 22000 
5 22000 < l < 23000 
6 23000 < l < 24000 
7 24000 < l < 25000 
8 25000 < l  
 
TABLE III 
ALTERNATIVE ACTIONS FOR EACH UNIT 
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Index Reported ia  
1 )(750.0 iaμ  
2 )(875.0 iaμ  
3 )( iaμ  
4 )(125.1 iaμ  
5 )(25.1 iaμ  
Set Boltzmann temperature 3=τ , learning rate 7.0=λ . 
The load is sampled using conventional Monte Carlo method, 
altogether 800 load samples. The simulation result of Proposed 
Estimation Method is 74.2,10.41 == σμ . 
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Fig. 5. Proposed Estimation Method simulation sample analysis 
 
TABLE IVV 
COMPARISON 
 
MC 
SIMULATION 
PROPOSED 
ESTIMATION 
Times(s) 783 103 
Error of μ (%) - 2.07 
Error of σ (%) - 3.52 
 
It can be seen from Table IV the speed of the Proposed 
Estimation Method is much faster than MC Simulation. As for 
the accuracy, the mean and standard deviation value of LMP is 
within acceptable errors, which indicates the Proposed 
estimation method can be used for practical application. 
V. CONCLUSION 
The inter-connection of large scale wind power brings new 
challenges to the operation and planning of both power system 
and power market. Due to the intermittent and stochastic nature 
of wind resource, the uncertainty of wind power increases the 
difficulty of LMP Estimation. 
MC simulation has been adopted extensively in risk 
management, which is accurate but very time-consuming. An 
importance sampling based method is adopted for fast 
estimation of LMP. 
Case study on a simplified SE Australian power system is 
conducted, which shows the feasibility and efficiency of this 
method. The estimation method doesn’t affect accuracy 
significantly, but the computational burden has been reduced 
more than 85%, enabling further engineering applications. 
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